Abstract Body mass index (BMI) is an imperfect measure of body fat. Recent studies provide evidence in favor of replacing BMI with waist circumference (WC). Hence, I investigated whether or not the association between fat mass and employment status vary by anthropometric measures. I used 15 rounds of the Health Survey for England (1998)(1999)(2000)(2001)(2002)(2003)(2004)(2005)(2006)(2007)(2008)(2009)(2010)(2011)(2012)(2013), which has measures of employment status in addition to measured height, weight, and WC. WC and BMI were entered as continuous variables and obesity as binary variables defined using both WC and BMI. I used multivariate models controlling for a set of covariates. The association of WC with employment was of greater magnitude than the association between BMI and employment. I reran the analysis using conventional instrumental variables methods. The IV models showed significant impacts of obesity on employment; however, they were not more pronounced when WC was used to measure obesity, compared to BMI. This means that, in the IV models, the impact of fat mass on employment did not depend on the measure of fat mass.
Introduction
Worldwide, the proportion of men who were overweight, as measured by body mass index (BMI), increased from 29 % in 1980, to 37 % in 2013, and the proportion of women who were overweight increased from 30 to 38 % [1] . The prevalence of obesity, measured by BMI, has also increased in England. Trend data from the Health Survey for England (HSE) has shown obesity rising from 13 % of men and 16 % of women in 1993 to 26 % of men and 24 % of women in 2013 [2] . However, other studies that used other measures of body fat than BMI find different trends. For example, Elobeid et al. [3] and Ford et al. [4] have shown that over the last 50 years, waist circumference (WC) values have increased beyond those expected from BMI increases.
These trends might have severe labor market consequences for a number of reasons. First, obesity is a debilitating health condition associated with a wide number of diseases, which may preclude the ability to work [5, 6] . Second, obesity may have an impact on certain characteristics, like self-esteem, that might reduce performance in the labor market [7, 8] . Third, there may be discrimination against the obese due to prejudice and stereotyping by employers [9] [10] [11] [12] . Nevertheless, it is intrinsically difficult to measure the impact of obesity on employment status due to the following classic endogeneity issues: (1) Simultaneity in that employment status might affect obesity [13] . (2) Omitted variable bias in that unobserved variables, such as time preference [7] , have an impact on both obesity and employment.
Finally, (3) measurement error might be important. A number of authors have discussed measurement error in studies where self-reported (rather than measured) height and weight were used to classify individuals as obese 1 [15] . Numerous studies also find that BMI, even when based on measured height and weight, results in important misclassification of individuals into obesity categories [16, 17] . This might be caused by BMI being unable to distinguish fat from muscle, bone and other lean body mass [17] [18] [19] [20] , which makes BMI a noisy measure of fatness. This misclassification leads to concerns about underestimation of the consequences of high fat mass [17-19, 21, 22] . Because of the shortcomings in BMI, a World Health Organization expert consultation on obesity drew attention to the need for other indicators to complement the measurement of BMI [23] . Consequently, a number of alternative measures have been proposed. These include percent body fat estimated using bioelectrical impedance analysis (BIA), measures based on WC and waist-to-hip ratio. O'Neill [17] provides strong support for using WC to classify obesity. By using BMI, WC, and BIA to measure obesity, he found that WC was superior at classifying obesity. In contrast to BMI and BIA, the classification of obesity based on WC exhibited high degrees of accuracy in terms of sensitivity and specificity [17] .
The impact of WC, compared with that of BMI, on employment may differ for a number of reasons. Firstly, as discussed above, WC and BMI classifies different segments of the population as obese. Secondly, WC has greater support in the medical literature than BMI: WC outperforms BMI in predicting the health risks associated with obesity [24] ; WC is a stronger predictor of all-cause mortality than BMI [25] ; and WC is the anthropometric measure that best predicts the distribution of adipose tissue [26] . Third, the impact of obesity on employment might be due to mechanisms not related to health (discrimination and self-esteem) [12] , and these mechanisms might also vary by anthropometrics. For example, WC is a 'visible' measure of fatness, which might be interpreted by employers, customers, or coworkers as an unattractive physical attribute, and thus affect the probability of employment in itself [19] .
In sum, there is persuasive theoretical evidence to suggest that the effect of fat mass on employment will differ by anthropometrics. However, one cannot expect the findings from studies on other outcomes, like disease and mortality, to be transferable to outcomes like employment status. Hence, the aim of the current analysis was to compare the association between fat mass and employment by anthropometrics. To do this, I used data from 15 rounds of the Health Survey for England (HSE). The rich data source allowed the use of the two most common econometric techniques in this field: multivariate models controlling for a set of covariates, and instrumental variable models.
Related literature
Several studies have previously analyzed the effect of obesity measured by BMI on employment outcomes [27] . For example, in the UK [28] [29] [30] , US [18, [31] [32] [33] [34] [35] [36] [37] , Canada [38] , China [39] , Denmark [40] , Finland [19, 41] , Germany [42] , Iceland [43] , and Sweden [12, 44, 45] . In addition, there are a number of cross-country studies in Europe [46] [47] [48] [49] . The results generally indicate poorer labor market outcomes for obese women, while the results for men are more mixed, though others found opposite gender patterns [45] .
The main challenge in the literature has been to deal with endogeneity. To account for this, the earlier studies used econometric techniques like time-fixed effects and sibling-fixed effects. However, instrumental variable methods with biological relatives BMI as instruments for own BMI is the most common method [29, 31, 47, [50] [51] [52] [53] [54] [55] . This quasi-genetic instrument is likely to satisfy the relevance assumption, however whether it satisfies the exclusion restriction is debatable [56] and is discussed in more detail below.
Four studies included alternative measures of fatness to estimate the impact of obesity on employment [18, 19, 22, 37] . Only two of these have used WC. Mosca [22] compared the associations between BMI, WC, and employment (measured as a binary variable) in older Irish (aged 50?) individuals using a standard probit model. In women, employment probability was significant and negatively associated with both BMI and WC (entered linearly). However, the employment elasticity was larger for WC compared with BMI. In men, no significant associations with employment were found when BMI and WC were entered linearly. In both men and women, significant and negative associations were found between employment and obesity as a categorical variable, defined using both BMI and WC. Johansson et al. [19] examined the associations between obesity and employment (measured as a binary variable) in Finland using BMI, WC, and BIA. All measures of obesity were significant and negatively associated with employment status in women, and BIA was significant and negatively associated with men's employment status. When categorical measures of obesity were used, all three measures were significant in both men and women. However, Johansson et al. [19] argues that conclusions based on WC may differ from conclusions reached by BMI.
This means that there is reason to suggest that the impact of BMI on employment will differ from the impact of WC on employment. The most cited studies on the impact of BMI on employment have relied on IV methods, hence there is a gap in the literature as no study has compared different anthropometric measures in IV models. Furthermore, this study aimed to contribute to the literature in the following ways. First, few studies have been conducted on obesity and employment using other measures of fat mass than BMI. Second, although the studies by Mosca [22] and Johansson et al. [19] have used WC to mitigate measurement error related to BMI, they did not account for simultaneity and omitted variable bias, for example by instrumental variables.
Data and variables

Data source
The analysis was based on data from 15 rounds (1998-2013) of the Health Survey for England (HSE) [57] ; 2013 is the most recent year of data available. The HSE is a repeated cross-sectional survey that draws a different sample of nationally representative individuals living in England each year. The sample was selected using a multistage stratified probability sampling design with postcode sectors selected at the first stage and household addresses within postcode sectors selected at the second stage. Stratification was based on geographical areas and not on individual characteristics.
Data from the year 2000 was excluded due to missing values on WC in the population below the age of 65. All adults (16?) within the household (up to a maximum of 10) were eligible for interview, plus up to two children (0-15). The interviewer randomly selected the children to interview in a household with more than two children. For children aged 0-12, parents answered on behalf of the child but the child was present.
Employment outcome
Employment status was defined using the activity status for last week and measured as a binary variable taking the value one if an individual was employed and zero otherwise. Employment included self-employment, part-time, and full-time employment. Those who were not working were in one of the following categories: looking for paid work or a government training scheme; permanently not working due to disability; looking after home or family; early retired individuals; on a government scheme for employment training; doing unpaid work for a business that the respondent/respondents relatives own; waiting to take up paid work already obtained; intending to look for work but prevented by temporary sickness; and, doing something else. Students were excluded from this analysis.
BMI, WC, and obesity measures HSE contains height and weight values for all individuals aged 2 and over and waist circumference in those aged 11 and over. One useful feature of the HSE is that WC and BMI were not based on self-reported values, which reduces the likelihood of measurement error. Both height and weight were measured at the interview. WC was measured by a specially trained nurse twice, 2 and a third measurement was taken if the difference between the first two measurements was more than 3 cm.
I used two measures of obesity, based on BMI and on WC. Obesity measured by BMI was defined according to World Health Organization guidelines [58] . I measured obesity as a binary variable, taking the value 1 if an individual had a BMI C30 kg/m 2 and zero otherwise. Men were classified as being at ''high risk'' of obesity if their waist circumference exceeded 102 cm, while for women the threshold was 88 cm [59] [60] [61] and this definition has been used by others who compared obesity defined by BMI and WC [17, 19] . I measured obesity as a binary variable taking the value 1 if an individual had a WC [102 cm (men) and WC [88 cm (women) and zero otherwise. BMI and WC were entered as continuous variables and obesity as a binary variable defined using both BMI and WC.
Covariates
I included the following covariates in each regression: age (quadratic function); marital status (married/cohabitees/ non-married); education qualifications (seven categories); ethnicity (white/non-white); Government Office Region (GOR) of residence (nine categories); survey year (15 categories); number of children (aged 2-15) in household (0, 1, 2, 3 or more); number of adults (aged 16?) in household (categorical variable: 1-9).
In addition, in the instrumental variable models only, I included the following four control variables: age of the oldest child (1-year dummy variables); gender of the oldest child; smoking status of the oldest child (0 = never smoked a cigarette, 1 = have smoked a cigarette, 2 = smoking information missing); and, alcohol consumption for the oldest child (0 = have never had a proper alcoholic drink, 1 = have had a proper alcoholic drink, 2 = alcohol information missing). The reason for the inclusion of these variables is discussed below.
The analysis was stratified by gender and I followed earlier studies and restricted the population to individuals aged 30-55 [19] . The reason for this was that these individuals were most likely to: (1) have finished their education, but still be in the labor market [19] ; (2) have children in the age range 11-25, which were used for the instrumental variable approach.
Instrument
To account for endogeneity, the most common method has been to use instrumental variable methods with biological relatives BMI as instruments, for own BMI [29, 31, 47, [50] [51] [52] [53] [54] [55] . As I wanted to relate my findings to the earlier literature, I also used this instrument, however whether this instrument satisfies the exclusion restriction is debatable [56] and is discussed below.
The instrument was constructed by matching parents with each child (aged 11-25) with a valid height, weight, and/or WC measurements. From this, I produced a variable for the oldest child's WC and the oldest child's BMI for each individual aged 30-55. I used two different instruments:
1. WC of the oldest biological child: to instrument WC and obesity defined using WC. 2. BMI of the oldest biological child: to instrument BMI and obesity defined using BMI.
Importantly, I did not use BMI to instrument WC and vice versa. This means that any error in BMI, e.g., high muscle mass, was not used to predict WC. Thus, I had one dependent variable (employment status), four sets of independent variables (WC, BMI, obesity classified using WC, and obesity classified using BMI), I estimated both non-IV and IV models in the full population and I stratified by sex. In addition to this, I also display results of models where I included both WC and WC squared (or BMI and BMI squared) as explanatory variables.
The first requirement of an instrument is that it is highly correlated with variables being instrumented conditional on the other variables in the model. The WC and BMI of a biological relative are powerful instruments because roughly half of the variation in weight across people is of genetic origin [62] . I use F-tests to check that the instruments exceed the benchmark value of F = 10 [63] .
The second requirement of an instrument is that it must not be correlated with the error term in the outcome equation conditional on the other covariates in the model. This will not be fulfilled if both the parent and the child's WC (or BMI) are affected by common household environments that are also directly correlated with the parent's employment status. It is difficult to prove no such effect. However, the reason why this instrument has been applied so extensively in the earlier literature is that a large number of studies do not find any evidence to suggest that common household environments affect the parent and the child's fat mass simultaneously [51, [64] [65] [66] . This also has support by findings from the UK [67] . In addition, further support for the use of this instrument is based on adoption studies. These adoption studies find that the correlation between child and biological parents BMI is the same for adoptees as natural children [65] , which suggest that variation in weight cannot be attributed to shared household environments.
To further explore this potential issue, an ordinary least squares (OLS) regression was estimated to explore the association between the BMI of parents and their adopted children (n = 202). I controlled for the same covariates as explained above. The coefficient value was -0.007 and the t value was -0.06., i.e., there was no association between parent and child BMI when the child was adopted. Although these findings support the use of biological family members' BMI as an instrument for one's own BMI, they are not definitive tests, and one cannot rule out that the instrument is not affected by other family background variables, which may also affect employment outcomes.
In addition, there are other potential concerns with regards to using genes as instrumental variables. Genes that affect fat mass could also affect other characteristics that directly affect employment outcomes, and the genes that affect weight may lie next to genes that directly affect employment outcomes [33, [68] [69] [70] . If genes that cause obesity are correlated with employment outcomes through other channels than through obesity, it will violate the second requirement for an instrument. To mitigate this effect, I controlled for the behavioral health risk variables smoking and alcohol consumption in the children the instrument is based upon, as described above. Although, these variables might not capture all risky health behaviors in children, they might serve as a proxy for other risky health behaviors and so purge the instrument of some of these behaviors. I also experimented with models that controlled for the child's health status. Finally, I included a number of individual control variables.
In sum, the multivariate regressions and the IV models make different assumptions, which may or may not be valid in this context. The multivariate regressions are likely to be subject to reverse causality as employment status might affect obesity. The multivariate regressions might also suffer from omitted variable bias as a number of variables not controlled for in the analysis might affect both obesity and employment status. The IV models are less likely to suffer from reverse causality; however, there might be other family background characteristics that are associated with both employment status and obesity. Nevertheless, by using both of these methods, I provide more robust results, as each method is likely to suffer from dissimilar endogeneity issues.
Analysis and estimation
I used multiple probit models and IV regression methods to estimate the impact of WC, BMI, and measures of obesity on employment outcomes. I modeled employment outcomes for individual i as:
where Y is a binary measure of employment outcomes; B is a measure of BMI, WC, or obesity; and X is a vector of individual, household and child's characteristics. u is an error term and c and c are coefficients to be estimated. My primary models were probit models and Eq.
(1) will produce unbiased estimates of c provided there are no endogeneity issues. I performed Hosmer-Lemeshow goodnessof-fit tests adapted for large samples [71] . I failed to reject this test in each instance indicating that the probit function was appropriate. I also used two IV regression methods depending on whether I estimate the impact of WC and BMI as continuous variables or as binary obesity variables. To estimate the impact of WC and BMI as continuous variables, I used control functions applied using maximum likelihood estimation. The first stage was estimated by OLS:
where B is BMI and Z are instruments that are correlated with B but not u 1 . Based on this model, I predicted the residuals (û 1i ), which was included as a regressor in the second-stage multiple probit model:
This model makes few distributional assumptions [72] . Given that the instrument is valid, this model no longer has endogeneity problems and an F-test of the residual (b 2 ) is a direct test of endogeneity. Under the null hypothesis that the dependent variable (WC or BMI) is exogenous, the coefficient on the residuals will be zero. To investigate the impact of obesity as a binary variable, I used a recursive bivariate probit model based on the following equations:
where B is an unobserved latent variable, a, b, a and b are coefficients to be estimated, and Z are instruments that are correlated with B but not l 1 . The coefficient of interest is b 1 . From these equations, the correlation between the error terms in the obesity and employment equations, Cov[l 1i ,-l 2i ] = q, can be estimated. A Wald test of the significance of q is a direct test of the endogeneity of B in the employment equation. The IV regression models use Z to isolate exogenous variation in B and thereby estimate the impact of B on Y. The bivariate probit model can be used when both the dependent variable and the endogenous explanatory variable are binary [73, 74] .
I applied survey weights reported in the HSE to each observation. Waist circumference was only measured during the nurse visit, and not all respondents participated in this part of the survey. To use a comparable sample in the BMI regressions, I exclude all of those who did not have a nurse visit from the analysis. Hence, in the analysis I have used nurse visit weights to take account of non-response to the nurse section of the survey. The weights adjust for the fact that different observations have different probabilities of participation in the survey and selection for the nurse visit. It is also possible that, due to the sampling strategy used in the HSE, observations are independent across Primary Sampling Units (PSUs), but not within PSUs. I therefore controlled for clustered sampling within PSUs using unique PSU/year identifiers that produced Huber/White/ sandwich robust variance estimators that allow for within-group dependence [75] .
Making comparable coefficients
I computed elasticities and marginal effects, fixing the covariates at their whole sample mean values. However, to make the continuous coefficients based on WC and BMI comparable I standardized the coefficients for WC and BMI. I standardized the independent variables only (x-standardization), to display the relative importance of WC and BMI. The x-standardized coefficients should be interpreted as the impact of a 1 (one) standard deviation increase in WC or BMI on employment.
Standardized dummy variables make less sense, hence to quantify the difference in the consequences of defining obesity using WC versus BMI, I computed population attributable fraction (PAF). The PAF is, in theory, the proportion of cases that would be prevented if obesity was eliminated. Hence, I compare the employment outcomes from the same model between different scenarios. The first scenario describes the employment outcomes if all covariates are as observed (p 0 ). The second scenario describes the employment outcomes if all covariates are as observed except from obesity, which is set to zero (p 1 ). The PAF can be computed by the following formula:
Theoretically, the PAF show the percentage change in the employment outcome variable if obesity is eliminated altogether.
Results
The total number of respondents in the HSE in 1998-2013 (excluding year 2000) was 220,588. Of these, 42,653 were aged 30-55, had valid height, weight, and a nurse visit where waist measurements were conducted. Table 1 displays summary characteristics of the samples. In the IV sample each individual has a child (aged 11-25), which was used to generate the instrument. Thirty-five percent of the full population were obese as defined by WC, while 25 % were obese as defined by BMI. Similar numbers in the IV sample were 39 and 27 %, respectively. The individuals in the IV sample were older, less educated, more likely to be non-white, more likely to be married, and lived in larger households, compared with the full sample (Table 1) . Hence, there were differences across the samples. Figure 1 shows employment status across time by obesity status, according to the BMI and the WC definition of obesity status. The raw correlations illustrate that the obese, according to both definitions, were consistently less likely to be employed. We also observe a dip in employment after the financial crisis in 2008, for both the obese and non-obese. In addition, the difference between the obese and non-obese was larger in 2013 than in 1998-99.
The probit models in the full sample suggests that 1 SD increase in WC had a greater impact on employment, than 1 SD increase in BMI, in both men and women (Table 2) . In the full sample, we also observe that the elasticities were higher for WC than for BMI. This suggests that, compared with BMI, a 1 % change in WC was associated with a larger shift in probability of employment. In men, the impact of BMI was non-significant and the impact of WC was significant. Turning to the IV sample (Table 2) , we observe that overall, the impact of both BMI and WC were more pronounced, compared with the full sample. However, a similar pattern as above was observed, i.e., the impact of WC on employment was more pronounced than the impact of BMI in both men and women.
Appendix Table 5 shows that the instruments were positively associated with both WC and BMI in each model and that the F-values were well above conventional recommendations (exceeds the benchmark value of F = 10 [63] ). Hence, the first requirement for an instrument was fulfilled in each model.
In men, the elasticities in the IV models, of the impact of WC and BMI on employment, were larger, compared with the probit models ( Table 2 ). The endogeneity tests were also significant for both WC and BMI in men. This suggests that the probit models underestimated the impact of both WC and BMI on employment. In men, the x-standardized coefficients were now larger for BMI than for WC. In women, a similar pattern emerges, where the xstandardized coefficients were larger for BMI. However, the IV coefficients were not significant in women, nor were the endogeneity tests. Table 3 displays the impact of the binary obesity variables on employment. Similar patterns as for the continuous variables emerge. This means that the impact of obesity, defined by WC, was larger than the impact of obesity defined by BMI, i.e., the fraction of unemployment (PAF) that could be explained by obesity was larger when WC was used to define obesity compared with BMI, in both men and women. However, as above this pattern was not supported by the IV models. The IV models also suggested significant endogeneity in men for both WC obesity and BMI obesity. While the elasticities reported in Table 2 are informative, they predicted the impact of changes in WC and BMI near the mean. This can be misleading if the relationship between fat mass and employment is non-linear, as suggested for employment and other outcomes like health service use [51, 76, 77] . I allowed for nonlinearity by including WC squared and BMI squared and applied LPM in the IV sample (Table 4) . I also applied IV-LPM models, 3 which means that there are two endogenous variables and I needed a second instrument. Hence, I followed Wooldridge and included a squared linear prediction of WC based on the first stage as an additional instrument [78] . Based on these models, I present x-standardized coefficients (Table 4) .
In men, linear WC seemed to fit the data well, especially in the IV models (Table 4) . However, in women, the inclusion of a squared term demonstrated a significant nonlinear impact of WC and BMI on employment. In addition, the endogeneity tests were significant when a quadratic term was included. This is in contrast to the findings in Tables 2 and 3 , and suggests that there was an impact of both WC and BMI on employment in women; however, it was U-or J-shaped. Hence, there was a negative impact of both high and low body fat on employment in women.
Discussion
This study demonstrated significant associations between WC and employment in both men and women. A high WC was associated with a lower probability of being employed. The relationship between WC and employment was nonlinear in women, where both high and low body fat had a negative impact on employment. I also found that the consequence of obesity for employment status was larger when WC was used to define obesity than when BMI was used, in both men and women in the multivariate models. However, the IV models did not support this conclusion and provided relatively similar estimates of the impact of WC and BMI on employment.
My findings from the multivariate models (not IV models) suggested that fat mass was negatively associated with women's probability of being in employment. These results are largely consistent with those of Mosca [22] , Johansson et al. [19] , and Burkhauser and Cawley [18] , Waist circumference, body mass index, and employment outcomes 795 who also found negative associations between different measures of body fat and employment in women. These studies also found more significant associations between continuous measures of body fat and employment in women, compared with men.
In the IV models, the association between linear measures of fatness and employment in women was insignificant. This result is comparable to findings by Cawley [50] . Who also found no significant impact of BMI on female labor market limitations, in an instrumental variable model using biological children's BMI as instruments. However, my study further contributes to these findings by demonstrating significant non-linear associations between body fat and employment in women in the IV models. In addition, the endogeneity tests were significant when a quadratic term was included.
In men, the association between linear WC and employment was significant and negative in the multivariate probit models. However, the association between linear BMI and employment was not significant in the probit models. This is similar to Johansson et al. [19] , who found significant negative associations between WC and employment in men. However, their association between BMI and employment was not significant. Analogous findings were also done by Burkhauser and Cawley [18] when they compared the associations of BMI and percent body fat (measured by BIA) with employment status in men, i.e., BMI was not significant. Mosca [22] also did not find a significant association between BMI and employment in older Irish men. In addition, Mosca [22] did not find significant associations between linear WC and employment in men.
The findings of this study further contribute to earlier literature in several respects. Firstly, by calculating standardized coefficients and PAF, the findings suggests that the impact of WC on employment was larger than the impact of BMI on employment in the non-IV models. Second, the large sample size contributed to significant results of both measures of fatness (WC and BMI) in both men and women. Third, the use of quadratic functions for WC and BMI demonstrated non-linear associations in women. However, the main contribution of this study is based on the results of the IV regressions, which allows for comparison with earlier IV studies. Putting any potential issues with the instrument aside, this study suggests that earlier literature, which have instrumented for BMI, need not be so concerned about the potential issues of using BMI as a measure of obesity. The impact of fat mass on employment did not depend on the measure of fat mass in the IV models.
What might account for this finding, i.e., why might the IV regression methods, using biological children as instruments, mitigate the measurement error associated with BMI? BMI is criticized for not distinguishing fat from muscle, bone and other lean body mass [18] . It is body fat that independently predict ill health, thus BMI introduces noise and as a result BMI overestimates fatness among those who are muscular [79] . Although both body fat and muscles might be genetically determined in a similar regard, children and young adults might not have developed muscles yet. As I used the BMI of children and young adults as the instrument, this might mitigate the measurement error related to muscles. In addition, if muscles were less genetically determined than fat, it could explain my findings. However, further research is needed.
When interpreting the findings, it is important to recognize that this study has limitations. First, because of the instrument used in the IV models, I was forced to limit the IV sample to adults with a biological child between the ages of 11 and 25. As a result, the IV results may not generalize to the entire population. When comparing the results in the IV population with the results in the full population, I observed some differences. Second, it is important to recognize potential limitations regarding the validity of the instruments. The identifying assumption is that weight of a biological child is strongly correlated with the respondent's weight, but uncorrelated with residual employment outcomes. As discussed above, a large amount of literature supports a strong genetic component to weight, and that any similarity in weight due to shared environment is non-existing or very small. However, another potential issue is that the genes that are correlated with obesity are also correlated with other behavior that directly affects residual employment outcomes. A range of control variables were included; however, there are other variables that I did not control for, as they were not measured in the HSE. Hence, further studies are needed to estimate the causal impact of fat mass on employment status.
To conclude, obesity was negatively associated with employment in both men and women. The consequences of obesity for employment were larger when WC was used as a measure of obesity compared with BMI in the non-IV models. Similar findings were not conducted in the instrumental variable models. Although the IV models found significant impacts of obesity on employment, they were not more pronounced when WC was used to measure obesity, compared with BMI. 
